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Abstract 
Diabetes mellitus is a chronic disease that causes critical health complications like renal failure, heart disease, stroke, and 
blindness. For precluding the adverse effects of diabetes mellitus, humans use continuous glucose monitoring systems (CGMS) 
that represent a method of measuring blood glucose concentrations under real-life conditions. Glucose monitoring is an essential 
component of diabetes care but there are some limitations on accuracy. Accuracy possibly is restricted owing to manufacturing 
variances, storage, and aging. Because of their limitations on the environment, like temperature or elevation or to patient factors 
such as incorrect coding, wrong hand washing, unchangeable hematocrit, or inherently resulting interfering substances. 
Furthermore, exogenous interfering substances may also contribute errors to the system evaluation of blood glucose, as delay 
time, random fluctuations and noise concerned with sensor physics and chemistry. This paper suggests De-noising methods 
Savitzky-Golay Filter with Simple Multivariate Thresholding methods to remove all types of noise in CGM signal. This work has 
been commented with simulated data received from Glucosim that is an educational software package that simulates blood 
glucose and insulin dynamics in healthy individuals and patients with type 1 diabetes and approved with the Peak signal to noise 
ratio. 
© 2016 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Organizing Committee of ICAFS 2016. 
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1. Introduction 
Diabetes is a chronical illness that affects approximately 300 million people in the world. In diabetic patients, the 
body does not secrete insulin (Type 1 diabetes) or instability in both insulin secretion and action (Type 2 diabetes) 
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occur1,14. Diabetes Mellitus is an auto immune disease owing to the insufficiency of the pancreas in secreting 
sufficient insulin2. Insulin is the hormone that is significant for metabolism and usage of energy from the ingested 
nutrients, secreted from the Pancreas that helps in the arrangement of blood glucose.  Blood Glucose is the most 
significant fuel for human beings and its level in the blood is firmly controlled by insulin by a negative feedback 
system3. The Diabetes Control and Complications Trial indicated that strict glycemic control significantly decreases 
the short term and long term complications of Diabetes4. One should preserve the blood glucose within the normal 
range (70 – 120 mg/dL). 
Hypoglycemia, also known as low blood glucose, is when blood sugar decreases to below normal (< 50mg/dL), 
that leads to excessive thirst, sweating, seizures and diabetic coma. Hyperglycemia, is a condition in which an 
excessive amount of glucose circulates in the blood plasma (>200 mg/dL) which leads to long term vascular 
complications Diabetic Retinopathy, Neuropathy and Nephropathy. Consequently for convenient control of glucose 
level, monitoring is necessary, therefore enhancing the quality of life. Blood glucometers are used for measurements 
at discrete instances of time. While the Continuous Glucose Monitoring (CGM) devices supply a minimally invasive 
mechanism to measure and record patient’s current glycemic status as frequently as each minute. It provides 
maximum information about the blood glucose variations along the day which relieves diabetic patients to make 
optimum treatment decisions5,15. Various factors can contribute to hyperglycemia in people with diabetes, containing 
food and physical activity choices, illness, nondiabetes medications, or not taking enough glucose-lowering 
medication. It is considerable to treat hyperglycemia, because if left untreated, hyperglycemia can become severe 
and lead to serious complications need emergency care, such as diabetic coma. On the long view, permanent 
hyperglycemia, even if not severe can lead to complications affecting your eyes, kidneys, nerves and heart. Intensive 
insulin therapy with regular monitoring of blood glucose and adjustment of the insulin dose accordingly may achieve 
virtually normal levels of blood glucose and thus decrease the risk of these complications. This paper discusses 
different types of errors in the continuous glucose monitoring (CGM) data and a solution which can be performed in 
CGM devices. Glucose is the important fuel for the people and its level must be kept within reliable range. For 
monitoring the Blood glucose (BG) level, Continuous Glucose Monitoring (CGM) sensors are used6,7. The most 
important error of CGM devices that affected is the random noise component related to sensor physics8,9,16. The 
CGM signal is affected with random fluctuations at high frequency10. These noises in sensor output make the 
measurement unreliable. These noise components have to be removed prior to any signal processing application. 
This paper is organized as follows. Section 2 describes a brief review of filtering methods applied for CGM signal. 
Section 3 shows the system design for the complete system for this application. Section 4 gives the details of 
Savitzky-Golay Filter and Simple Multivariate Thresholding methods. Section 5 shows the experimental results of 
work done and discussion and last section will be about conclusion.  
2.  De-noising of CGM signal 
Digital filtering techniques can be used in order to improve the quality of the signal and minimize the random 
noise component of the error11.Received signal from CGM sensor can be defined as: 
( ) ( ) ( )y t x t n t       (1) 
Where x(t) is the actual signal of glucose level measured at time t, n(t) is the random additive noise affecting  it, 
that is supposed to be additive and y(t) is the received signal from CGM sensor. One major problem in low-pass 
filtering is that, since signal and noise spectra normally overlap, it is not possible to remove the random noise n(t) 
from the measured signal y(t) without distorting the  actual signal x(t). The aim of this paper is to present and asses 
an approach of Savitzky-Golay filter and Simple Multivariate Thresholding for de-noising of CGM signal.     
3. Methodology of research 
Glucosim is an educational web-based software package that simulates blood glucose and insulin dynamics in 
healthy individuals and patients with type 1 diabetes. This simulator has been developed by the research team of 
Illinois institute of Technology. The input parameters of Glucosim are weight, exercise duration, amount and timing 
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of food intake in calories and insulin applied in units. For the given set of inputs the simulator will give the glucose 
kinetics in blood. Figure 1 shows the overview of the methodology of the work. 
 
 
Fig. 1. Overview of the complete system. 
The noisy CGM time series have been generated by adding the appropriate noise distributions with the reference 
signal. The Savitzky-Golay Filter is tested first with White Gaussian noise (WGN) and then Simple Multivariate 
Thresholding Method is applied. The PSNR (Peak Signal Noise Ratio) value between the original and de-noised 
signals are calculated. Figure 2 shows a representative noise free Blood Glucose signal that is used for this work. 
The low and high noisy CGM signal with WGN noise are defined in figure 3. 
 
Fig. 2.  Representative noise free blood glucose signal. 
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Fig. 3.The low (SNR=-5 dB) and high (SNR=-25 dB) noisy CGM signal. 
4.  Filtering Techniques 
In this section filtering methods Savitzky-Golay Filter and Simple Multivariate Thresholding that is applied for 
this work will be described. 
4.1.  Savitzky-Golay Filter  
The Savitzky-Golay smoothing filter was originally presented in 1964 by Abraham Savitzky and Marcel J. E. 
Golay in their paper “Smoothing and Differentation of data by Simplified Least Squares Procedures”. They found 
themselves often encountering noisy spectra where simple noise-reduction techniques, such as running averages, 
simply were not good enough for extracting well-determined characteristics of spectral peaks. The main idea 
presented by Savitzky and Golay was a work-around avoiding the problems encountered with running averages, 
while still maintaining the smoothing of data and preserving features of the distribution such as relative maxima, 
minima and width. Savitzky and Golay proposed a method of data smoothing based on local least-squares 
polynomial approximation. They showed that fitting a polynomial to a set of input samples and then evaluating the 
resulting polynomial at a single point within the approximation interval is equivalent to discrete convolution with a 
fixed impulse response. The advantage of the Savitzky-Golay filter is that it tends to preserve certain features of the 
time-series like local minima and maxima. The algorithm computes a local polynomial regression on the input data 
by solving the equation: 
k
k zazazaaY  ...
2
210      (2) 
The Savitzky - Golay smoothing and differentiation filter optimally fits a set of data points to a polynomial in the 
least-squares sense. Savitzky and Golay have shown in their original paper that a moving polynomial fit can be 
numerically handled in exactly the same way as a weighted moving average, since the coefficients of the smoothing 
procedure are constant for all y values. Thus, Savitzky-Golay smoothing is very easy to apply. In their approach, 
each successive subset of 2m + 1 points is fitted by a polynomial of degree n (n 2m) in the least-squares sense. 
The s-th (0  s  n) differentiation (zeroth differentiation = smoothing) of the original data at the midpoint is 
obtained by performing the differentiation on the fitted polynomial rather than on the original data. Finally, the 
running least-squares polynomial fitting can be performed simply and automatically by convolving the entire input 
data with a digital filter of length 2m + 1. The history and development of the Savitzky–Golay (SG) smoothing and 
differentiation filter have been reviewed in briefly as12,13; 
> @nT gggSSSG ,...,,)( 101         (3) 
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The matrix (2 ) ( 1)m x nG   contains the convolution coefficients of the SG filter for different order differentiation at 
the origin (that is, the imaginary midpoint or the center of symmetry) given by the smoothing and the differentiation 
equations12,13; 
,0, , ,1
( ) mn n t m i ii mf t h x   ¦      (4) 
¦   
m
mi iimtsn
s
n xhtf 1 ,,,,
)( )(
    (5) 
Respectively where  )(tfn  and  )(
)( tf sn  are the smoothing value and the s-th )1( ns dd differentiation value 
evaluated at position “t”, with polynomial order “n” and data number “2m” ; ix  is the original data value at point    
“i” before shifting the origin )1( mim dd ; and  imtnh ,,,0,  and imtsnh ,,,, are the corresponding coefficients for 
smoothing and differentiation, respectively. 
4.2.  Simple multivariate thresholding 
The multivariate wavelet de-noising problem deals with models of the form: 
( ) ( ) ( )X t F t e t       (6) 
Where the observation “X “is p-dimensional, “F” is the deterministic signal to be recovered and “e “is a spatially 
correlated noise signal. This kind of model is well suited for situations for which such additive, spatially correlated 
noise is realistic. Removing noise by simple multivariate thresholding is that, the de-noising strategy combines 
univariate wavelet de-noising in the basis where the estimated noise covariance matrix is diagonal with no centered 
Principal Component Analysis (PCA) on approximations in the wavelet domain or with final PCA. PCA is one 
method used to reduce the number of features used to represent data. The benefits of this dimensionality reduction 
include providing a simpler representation of the data, reduction in memory, and faster classification.
5.  Experiment 
The suggested work was performed using MATLAB (R2007b) software to denoise the CGM data. The 
suggested method has been evaluated with the data from GLUCOSIM simulator. The data has been created based on 
the time of meal, CHO(Carbohydrate content) in meal, body weight and duration of the simulation. A designed input 
parameters is shown in table 1. 
Table 1.  Designed parameters for Simulation  
Body Weight (kg)=75 
Duration of simulation (Hour)=24 
Breakfast Snack Lunch Snack Dinner Snack 
Time (hh:mm) 
CHO(mg/kg body weight) 
07:30 
50 
10:30 
10 
12:30 
40 
15:30 
10 
18:30 
40 
21:30 
10 
 
Table 2.  Sample of composed dataset through GLUCOSIM 
Blood 
Glucose 
(mg/dl) 
Blood 
Insulin 
(mU/ml) 
Intestinal Glucose 
Absorbtion 
(mg/kg min) 
Stomach 
Glucose 
(mg/kg) 
Total Glucose Uptake 
(mg/kg min) 
Liver Glucose 
Production 
(mg/kg min) 
79.90702 8.29666 0.00000 0.00000 1.55103 1.58527 
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79.96055 9.04534 0.00362 83.15617 1.55326 1.58303 
80.04183 9.24281 0.02515 248.76244 1.55616 1.58133 
80.14507 9.38290 0.06769 413.31448 1.55986 1.58004 
80.29452 9.50830 0.13067 576.81836 1.56468 1.57908 
80.51392 9.62245 0.20992 656.12324 1.57134 1.57833 
80.82040 9.72629 0.29061 651.94652 1.57828 1.57787 
81.21588 9.82068 0.36911 647.79640 1.58675 1.57752 
81.69628 9.90646 0.44548 643.67270 1.59784 1.57724 
82.25763 9.98442 0.51977 639.57526 1.60751 1.57709 
82.89626 10.05525 0.59201 635.50390 1.62036 1.57696 
83.60861 10.11963 0.66225 631.45846 1.63045 1.57690 
84.39127 10.17812 0.73054 627.43879 1.64602 1.57683 
85.24092 10.23128 0.79692 623.44470 1.65775 1.57680 
86.15437 10.27959 0.86144 619.47605 1.67359 1.57677 
 
With the help of the simulator composed data set, our recommended work Savitzky-Golay filter and Simple 
Multivariate Thresholding has been interpreted and validated with Peak Signal Noise Ratio (PSNR). The work and 
measurement noise variance are initialized for Savitzky-Golay Filter as a cubic Savitzky-Golay filter to data frames 
of length 41( k=3, f=41) and for Simple Multivariate Thresholding as  level = 5; wname = 'sym4';  tptr  = 'sqtwolog'; 
sorh  = 's'; Then, for the PCA parameters by retaining all the principal components: npc_app = 1; npc_fin = 1 is 
setted. 
6.  Results  
The results of this application will be shown below; firstly the actual signal of glucose level measured at time “t” 
is created then White Gaussian noise (WGN) is added as  Low (SNR=-5 dB) and High (SNR=-25 dB). The noisy 
CGM signals are applied to Savitzky-Golay filter and Simple Multivariate Thresholding then the resultant output is 
compared with the actual noise free CGM signal. PSNR is calculated for both cases. The results clearly prove that 
Savitzky-Golay Filter and Simple Multivariate Thresholsing methods is able to capture and remove the combined 
noise effects in a superior way than the other methods. The results of de-noising with Savitzky-Golay Filter are 
demonstrated in figure 4 and figure 5. Additionally, Simple Multivariate Thresholding results are shown in figure 6 
and figure 7. 
 
 
   
Fig. 4.The Low (SNR=-5 dB) noisy CGM signal de-noised with Savitzky-Golay Filter. 
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Fig. 5.The High (SNR=-25 dB) noisy CGM signal de-noised with Savitzky-Golay Filter. 
 
 
Fig.6.The Low (SNR=-5 dB) noisy CGM signal de-noised with Simple Multivariate Thresholding 
Fig. 7.The High (SNR=-25 dB) noisy CGM signal de-noised with Simple Multivariate Thresholding. 
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Fig.8. Performance Characteristics of Savitzky – Golay Filter and Simple Multivariate Thresholding. 
 
Table 3.  Peak Signal Noise Ratio (PSNR) values of Savitzky – Golay Filter and Simple Multivariate Thresholding 
SNR (dB) DE-NOISING WITH SAVITZKY-GOLAY 
FILTER 
(PSNR VALUE) 
DE-NOISING WITH SIMPLE 
MULTIVARIATE THRESHOLDING 
(PSNR VALUE) 
WHEN snrindB  =0 PSNR = +78.7164 dB PSNR = +75.5840 dB 
WHEN snrindB=-5 PSNR = +75.0675 dB PSNR = +72.6315 dB 
 WHEN snrindB=-10 PSNR = +69.9678 dB PSNR = +69.5973 dB 
 WHEN snrindB=-15 PSNR = +65.7371 dB PSNR = +65.2143 dB 
 WHEN snrindB=-20 PSNR = +60.4477 dB PSNR = +60.7550 dB 
 WHEN snrindB=-25 PSNR = +54.1422 dB PSNR = +56.9639 dB 
7.  Conclusion 
The Continuous Glucose Monitoring (CGM) system is very much essential for prevention of Diabetic 
complications and can be very useful in the management of diabetes. Perfect filtering of various types of noise 
signals in CGM data enables it to be used for further processing for the detection of hypo/hyperglycemic events. 
Unfortunately, CGM data are affected by several sources of error, including bias errors(due to imperfect/loss of 
calibration or to the physics/chemistry of the sensor) and random noise, that is dominates the true signal at high 
frequency. Our proposed work comprising the Savitzky-Golay Filter with Simple Multivariate Thresholding has 
proved its success in denosing the CGM signal with simulated data sets. In this paper the different types of faults in 
the continuous glucose monitoring (CGM) data and a solution which can be performed in CGM devices were 
analyzed with white Gaussian noise and results that given above were obtained. In the complete system, the main 
target will be getting clear, better quality output signals for good consultations. Future work will focus on for real 
time application.  
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